Internet access come true, while the widespread applications are still hindered by the limited power of smart phones. To address this issue, we propose a novel distributed cooperative data transmission scheme for energy-rechargeable mobile devices. In particular, we not only let a mobile phone help the nearby client devices connect to the Internet via its cellular accessing, but also let those clients replenish the mobile hotspot energy via wireless power transfer. We mathematically formulate the mutually beneficial relationship between mobile hotspots and clients into an optimization problem, with the objective of conducting the cooperative wireless data and energy transmission to maximize the system utility. Resorting to methods from combinatorics and matching theory, we develop a near optimal solution for manyto-one matching when there is a single mobile hotspot and a distributed matching strategy for the general case by considering the nature of data communication and the characteristic of wireless power transfer. By extensive simulation, we show that the proposed distributed solution achieves a performance close to the centralized method, and it outperforms the greedy matching strategy and the classic Gale-Shapley matching strategy in different scenarios.
I. INTRODUCTION

A. Background and Motivation
R
ECENTLY the mobile hotspot Apps have been a popular method for sharing data services among mobile devices. It allows a mobile phone to go beyond talk to work as a mobile hotspot that can supply Internet access to nearby Wi-Fi equipped devices such as laptops, tablets, smart phones, etc. Typically a hotspot dedicated mobile phone first needs to connect to a mobile data network such as 4G and 4G LTE, and then acts as a Software Access Point (namely SoftAP) to create a Wi-Fi network (as shown in Fig. 1 ), and any Wi-Fi equipped device (namely Client) within the Wi-Fi coverage area can connect to the SoftAP to surf the Internet. However, the crawling development in battery technology imposes harsh energy constraints on mobile phones [1] - [3] . Although in IEEE 802.11 [1] , there are many features for conserving energy of devices at the client side, to the best of our knowledge, there are few options available for minimizing energy consumption of Wi-Fi access points [4] - [6] . Therefore, working as a mobile hotspot will significantly increase the energy consumption of a mobile phone and result in a very short battery life, which poses great challenges for preventing the energy depletion of mobile hotspots.
To reduce the energy consumption, some work has been done on scheduling the working modes of mobile hotspots [6] - [9] , i.e., turn off the Wi-Fi function of a mobile hotspot when the network is inactive. However, as pointed out in [10] - [12] , an important issue of Wi-Fi is that the power consumption in the sleep mode is on the same order of magnitude as that in the working mode. For instance, an algorithm to coordinate sleep scheduling for mobile hotspots was proposed in [9] and evaluated through simulations. According to the simulation results, the system energy consumption can be reduced by up to 33 percent via sleep scheduling under the restricted programmability of current Wi-Fi hardware. Therefore, scheduling methods can only slow down the energy consumption of mobile hotspots in a certain extent, and the effectiveness also depends on the network traffic. Hence, when there are always ongoing data packets, the mobile hotspot will have few sleep intervals.
Fortunately, the newly developed technology, namely wireless power transfer (i.e., magnetic resonant coupling) [13] - [16] , provides us a promising approach for compensating the energy depletion of mobile phones. It has been shown in [13] that, by applying magnetic coupling, a source 1536-1276 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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device can transfer energy to a sink device efficiently over several meters. In [17] , Garnica et al. developed a wireless power transfer prototype using near-field magnetic coupling. In their experiment, the system achieved 76 percent efficiency for wireless power transfer over one meter. Recently Park et al. [18] developed the "Dipole Coil Resonant System (DCRS)", which can efficiently transfer energy up to 5 meters between a transmitter and a receiver. In addition, Moffatt et al. [19] found that using multiple source devices to charge a sink device simultaneously via wireless power transfer can result in a better performance. Besides charging efficiency, wireless power transfer (i.e., magnetic resonant coupling) is also insensitive to the neighboring environment and does not require a line of sight between the source device and the sink device [13] . Moreover the energy transmitter and receiver modules can be made portable, with applications to palm size devices, e.g., the WiTricity Corp. Reference [20] has developed the WiT-2000M solution which enables developers of mobile devices to shorten the design cycle for integrating highly-resonant wireless power transfer into ultrathin mobile phones, tablets, and comparable devices. Due to the aforementioned features, wireless power transfer has initiated interesting research on energy harvesting applications. There are lots of nice works done on investigating energy sharing schemes for mobile devices. For example, Guo et al. [21] developed a joint energy and spectrum cooperation scheme between different cellular systems to reduce their operational costs. Xu et al. [22] further investigated how to share energy and wireless resources and how to shift loads among different devices to reduce the total energy cost. Besides energy sharing schemes, Xie et al. [23] also applied wireless power transfer for energy replenishment in battery-powered wireless sensor networks. They employed a mobile robot to periodically visit sensors in a wireless sensor network and charge them via wireless power transfer. The development of mid-range and long-range wireless power transfer has attracted much attention in recent years. To learn more about the research in long-distance wireless power transfer, please refer to [14] , [15] , and [24] - [27] .
B. Our Contribution
To remove the bottleneck of energy constraint on mobile phones and fully take the advantage of mobile hotspots, in this paper, we propose a cooperative data and energy transmission scheme for energy-rechargeable mobile devices, i.e., we not only let the mobile hotspots help clients to surf the Internet via their cellular network, but also let those clients compensate the energy depletion of mobile hotspots via wireless power transfer. Our major contributions are summarized as follows: 1) To maximize the energy gain of mobile hotspots and the bandwidth utilization for clients, we formulate the mutually beneficial relationship between them, and we formally define the Cooperative Data and Energy Transmission (CDET) problem, which aims at finding a many-to-one matching [28] - [30] between mobile hotspots and clients such that the system utility is maximized, while providing clients comparable user experience. 2) We theoretically find that the CDET problem is NP -hard even if there is only one mobile hotspot. If there are two or more mobile hotspots, the problem becomes strongly NP -hard, that is, there exists no fully polynomial time approximation scheme to CDET unless P = NP .
3) To overcome the computational intractability of CDET, we develop a Dynamic Programming (DP) algorithm that can find a near optimal solution in polynomial time when there is only one mobile hotspot. We also develop a centralized algorithm based on Linear Programming (LP) for CDET in case that there are multiple mobile hotspots, which can find an approximation solution in polynomial time with provable performance guarantee. 4) Combining the DP algorithm and framework from Matching Theory, we develop a distributed algorithm for general CDET by considering the nature of data communication and the efficiency of wireless power transfer, which can yield a many-to-one matching (see Fig. 2 ) between clients and mobile hotspots to maximize the system utility. 5) Through extensive simulation, we show that the proposed DP algorithm is able to solve CDET efficiently when there is only one mobile hotspot. When there are multiple mobile hotspots, the performance of proposed distributed algorithm is close to the centralized solution and it significantly outperforms its competitors, Greedy matching and Gale Shapley (GS) matching, in different scenarios.
C. Paper Organization
The rest of this paper is organized as follows: In Section II, we introduce the network settings and system assumptions, and then formulate the CDET problem mathematically. In Section III, we investigate the CDET problem for single mobile hotspot, and in Section IV, we investigate the general CDET problem for multiple mobile hotspots. Finally in Sections V and VI, we conduct performance evaluation and conclude the paper respectively. 
Assume energy per bit to be constant for both Wi-Fi and cellular data transmission, in this work, we adopt a throughput based energy model [31] , [32] 
where ρ u and ρ d are parameters to reflect that the power consumption is different for uplink and downlink data transmission, and denotes the base power level. The parameters used in the problem formulation are summarized in Fig. 3 .
Since Wi-Fi tethering (mobile hotspot) could work well with multiple devices at once (up to ten for some carriers), the energy and data collaboration would be a many-to-one solution, i.e., multiple clients can provide energy to a hotspot simultaneously. Without loss of generality, we have the following assumptions based on the technical restrictions of current Wi-Fi technologies.
1) Each mobile hotspot can create a Wi-Fi network for multiple clients; however the number of clients assigned to 1 Generally the SNR γ = B·h 2 δ , where B denotes the transmitter power, h denotes the channel gain, and δ denotes the noise variance. a mobile hotspot is bounded by K (typically K is less than 10).
2) Although there may be multiple mobile hotspots available, a client can only connect to one mobile hotspot via its Wi-Fi interface at any time.
3) The mobile hotspots are equipped with full-duplex transceivers [33] , i.e. they can receive data from the cellular base station via its cellular network and transmit data to the clients via its Wi-Fi network simultaneously. 4) To provide comparable user experiences, for any mobile hotspot u i , the total bandwidth demand of its associated clients is no greater than the minimum between its vacant cellular bandwidth and its Wi-Fi bandwidth.
Since people usually use the hotspot feature to access the Internet from their laptops (clients) which have much larger battery capacity than that of mobile phones, in this work, we also assume that the clients can provide power to hotspots for a proper time and they are flexible to set their power transfer levels (Watts). In addition, the mobile hotspots are also flexible to accept clients according to their bandwidth demands and power transfer levels.
Let x i j ∈ {0, 1} be an indicating variable, where x i j = 1 indicates v j is assigned to u i and x i j = 0 otherwise, according to the first two assumptions, we have the following matching constraints:
According to the third and fourth assumptions, we have the following bandwidth constraints:
Next, we present the utility functions for mobile hotspots and clients respectively. Since the efficient energy transfer distance may be shorter than the effective wireless communication distance, in some cases, a hotspot can transmit data for clients but the clients cannot transfer energy to the hotspot efficiently. Therefore, we need to design utility functions carefully to maximize the benefits for both mobile hotshots and clients.
From the mobile hotspot's point of view, the major concern is the energy gain. Among various wireless power transfer technologies, we can expect that magnetic resonant coupling will become predominant in many areas of human life in the future, due to its high efficiency. However, to achieve efficient power transmission, proper lateral and angular alignment is required between the coils of power transmitter and receiver. Since a client may not be able to align well with multiple mobile hotspots, in this study, we assume that only the energy from the associated clients can be transferred to the hotspots. Therefore, let X denote the variable set of x i j , for any mobile hotspot u i , we define the following utility function.
where ε(d i j ) · e j is the power transfer level between v j and
) is the energy consumption of u i , and α is a constant parameter reflecting the value of energy gain. In this work, we assume that the uplink and downlink throughput for each hotspot u i is equal to the total uplink and downlink bandwidth demands of its associated clients respectively, i.e., t
At the client side, the major concern is the bandwidth utilization. Therefore, for any client v j , we have the utility function as shown below
where β is a constant parameter reflecting the value of bandwidth utilization.
To maximize the system utility, we formulate the Cooperative Data and Energy Transmission (CDET) problem with joint consideration of both mobile hotspots and clients. Assume all the system parameters are known, we have the CDET optimization as follows:
The above CDET problem is an integer programming under both matching and bandwidth constraints, which can be solved by relaxing it into a linear programming and applying algorithms such as branch and cut. However, it requires exponential time in the worst case. In the next two sections, we focus on designing simple yet efficient algorithms to find approximation solutions to CDET.
III. CDET WITH A SINGLE MOBILE HOTSPOT
In this section, we study a special case of CDET, in which there is only one mobile hotspot. We show that the CDET problem, even in such a case, is NP -hard for arbitrary K , and then present an approximation scheme for it. Since there is only one hotspot, we simply denote by r u , r d , w u , and w d its uplink (and downlink) cellular (and Wi-Fi) bandwidths respectively.
A. NP -Hardness Theorem 1: The CDET problem is NP-hard even if there is only one mobile hotspot.
Proof: To prove Theorem 1, we do a reduction from the Partition problem, which asks whether there exists a subset A , given a set
It is well known that the Partition problem is NP -hard. Given an arbitrary instance of the Partition problem, we construct a special CDET problem as follows. First, create a single mobile hotspot whose cellular and Wi-Fi bandwidths are both a i ∈A a i 2 for uplink and downlink transmission, and its energy consumption function
and a wireless power transmitter with e j = 4a j . Finally, we complete the reduction by setting K = |A| and ε(·) = 1. It is clear that the reduction can be done in polynomial time. Let τ = ( a j ∈A a j ), we next show that the CDET problem has a solution with system utility (α+β)·τ if and only if A is a "yes" instance for the Partition problem, where α and β are the constant parameters reflecting the values of energy gain and bandwidth utilization respectively. Suppose that there exists a subset A such that ( a j ∈A a j ) = ( a i ∈( A\ A ) a i ). Let us consider M = {v j |a j ∈ A } as the set of clients assigned to the mobile hotspot. First M is a feasible solution in terms of the matching and bandwidth constraints. In addition, the energy gain of the hotspot is α · τ and the total bandwidth utilization for M is β · τ . Therefore, there exists a solution for the CDET problem with system utility (α + β) · τ . Conversely, suppose that there exists a set M of clients with system utility (α + β) · τ . Since in the constructed CDET problem, the bandwidth demand is identically equal to the energy gain for any client v j , the total bandwidth utilization is β ·τ for M . Therefore, A = {a j |cd j ∈ M } is a solution for the Partition problem. In sum, the CDET problem is NP -hard even if there is only one mobile hotspot.
B. Error Bounded Approximation Scheme
By Theorem 1, we deny the existence of polynomial time optimal algorithm for CDET. Therefore, we focus on designing fast approximation algorithm for it. The rest of this section is devoted to present a fast approximation scheme for CDET with a single hotspot. It can trade accuracy for time complexity, and its time complexity is polynomial in both the input size and the error parameter. The scheme has two main phases. In the first phase, it scales the bandwidth demand for all clients. In the second phase, it applies a dynamic programming algorithm to maximize the system utility based on the scaled bandwidth demand.
To solve CDET, we first decompose it into subproblems based on the bandwidths, and then we can solve all the subproblems recursively to find an optimal solution for the original problem. Hence the time complexity of our algorithm highly depends on the number of subproblems in the decomposition. To restrict the number of subproblems, we add a scaling phase for the bandwidths in our algorithm design. Here we only show how to scale the uplink bandwidth demand and the downlink bandwidth demand can be scaled in the same way. In the second phase, we apply a dynamic programming algorithm to find an optimal solution according to the scaled bandwidth demand. Let d j be the distance between the hotspot and client v j , we denote by 
. The Pseudo-code is given in EBAS (Algorithm 1).
Theorem 2: Given a parameter < 1, EBAS can find an error bounded solution in polynomial time, whose system utility is no less than that of the optimal solution, uplink bandwidth demand is no greater than (1 + ) · min(r u , w u ), and downlink bandwidth demand is no greater than
Proof: Let C be the set of clients obtained by Algorithm 1, we have ). Finally, we analyze the system utility. Let C * be the set of clients in an optimal solution with system utility π OPT , we have
which indicates that C * is a feasible solution after the scaling phase. Therefore, the system utility obtained by Algorithm 1 is no less than π OPT . In sum, the proof of Theorem 2 is complete.
IV. CDET WITH MULTIPLE MOBILE HOTSPOTS
In this section, we study the general CDET problem. We show there exists no fully polynomial time approximation scheme for the general CDET problem with multiple mobile hotspots, and then present both centralized and distributed algorithms for it.
A. Approximation-Hardness
In this section, we investigate how well we can approximate CDET when there are multiple mobile hotspots. First, we show that the CDET problem has a solution with system utility τ · |A| if the Partition problem A is a "yes" instance and it has no solution with system utility greater than τ · (|A| − 1) if the Partition problem A is a "no" instance. Suppose A is a "yes" instance, then there exists a subset A such that ( a i ∈A a i ) = ( a j ∈( A\ A ) a j ). Let us consider M = {v j |a j ∈ A } as the set of clients assigned to u 1 andM = {v j |a j ∈ A } the set of clients assigned to u 2 . According to the matching and bandwidth constraints, both M andM are valid, and the system utility is τ · |A|. Suppose A is a "no" instance, then there exists no subset A satisfying ( a i ∈A a i ) = ( a j ∈( A\ A ) a j ). Therefore, we cannot assign all the clients to the two hotspots. For each client v j , the utility gain is τ , no matter it is assigned to u 1 or u 2 . Since we cannot assign all the clients into the system, there exists no solution with system utility greater than τ · (|A| − 1).
Next, we prove Theorem 2 by contradiction. Assume there is a fully polynomial time approximation scheme F that can find a (1 − )-approximation solution in polynomial time with respect to both the input size and the parameter . Let π OPT be the maximum system utility for the constructed CDET problem, π F be the system utility obtained by F , and let = 1 |A|+1 , we have
Therefore, if the Partition problem A is a "yes" instance, we can apply F to obtain a solution in polynomial time for the constructed CDET problem whose system utility is greater than τ · |A| − τ , which further yields a solution to the Partition problem. Therefore, the existence of a fully polynomial time approximation scheme for the general CDET problem implies a contradiction unless P = NP . The general CDET problem is strongly NP -hard.
B. A Centralized
Algorithm To obtain approximation solution to the general CDET problem with provable performance guarantee, we develop a centralized algorithm. We focus on the CDET problem in which a mobile hotspot can serve no more than K clients, where K is a small constant. The algorithm has two steps. In the first step, it enumerates all possible client subsets for all the mobile hotspots. In the second step, it applies a Pipage rounding algorithm [34] to select a subset for every mobile hotspot. It is necessary to mention that this algorithm is a theoretical result for comparison purposes, and it is not suitable for practical uses in mobile units.
Lemma 1: Given a set of mobile hotspot and a set of m clients, there exists a O(m K ) time algorithm to search all possible subsets of clients that can be assigned for any mobile hotspot.
Proof: We can use a brute force method to enumerate all the possible cases. Since each subset consists of at most K clients and there are m clients, there are at most C (m, K ) valid combinations, which can be enumerated in O(m K ) time.
According to Lemma 1, given a CDET problem, we can enumerate all possible client subsets for each mobile hotspot in O(m K ) time. After that we apply Pipage rounding to select client subsets for mobile hotspots. Let S 1 , · · · , S i , · · · , S n denote the collections of client subsets for the n mobile hotspots respectively, and S = ( n i=1 S i ) denote the ground set of all client subsets. For each client subset S r ∈ S, we define a (0,1)-variable x r indicating whether S r is selected and let X denote the entire variable set. Let S v j denote the set of subsets containing v j , the CDET problem can be formulated into the following linear programming L(X) and nonlinear
where u j,r is the system utility gain of v j when S r is selected.
It is clear that the optimal objective values for both the linear programming in (4) and the non-linear programming in (5) are no less than the maximum system utility. Moreover, for any solution X, we have the following inequality between N L(X) and
(X). Proof: We can prove Lemma 2 by comparing an arbitrary term ( S r ∈S v j x r ) in L(X) and the corresponding term
by arithmetic-geometric mean inequality, we have
in which the third inequality is because
The proof of Lemma 2 is complete.
To solve CDET via Pipage rounding, we first need to find an optimal solution X * to the linear programming L(X), and then apply X * into the non-linear programming N L(X). The Pseudo-code is given in Algorithm 2, in which we define X (y) by
In Algorithm 2, ( S r ∈S i x r ) = 1 remains unchanged during Steps 3-8 for any S i . In addition, all the variables in X are eventually equal to either 0 or 1. Therefore, exact one client subset is selected for each mobile hotspot according to X. We next present the overall design in CM (Algorithm 3).
Algorithm 2 Pipage Rounding
Input: Collections of client subsets: S 1 , · · · , S i , · · · , S n for the n mobile hotspots. Output: An integer solution X. 1: find an optimal solution X * to L(X) via a classic linear programming algorithm; 2: let X ← X * ; 3: for i = 1 to n do 4: while X has non-integral components for collection S i do 5: randomly pick up two non-integral components x h and x l ; 6: if Proof: It is clear that Algorithm 3 runs in polynomial time. In Pipage rounding, initially we have
where π OPT denotes the optimal system utility. During the rounding process, the value of N L(X) is nondecreasing, because N L(X (y)) is a quadratic polynomial in y and the main coefficient is no less than zero. Therefore, after rounding we obtain a (1 − 1 e )-factor approximation solution.
Besides magnetic resonant coupling, in some applications, the power may be transferred based on electromagnetic radiation. In such a case, alignment is not needed between clients and mobile hotspots, and mobile hotspots can receive energy from any client. According to Lemma 1, we still can compute all the possible subsets of clients for each mobile hotspot. In addition, when computing the system utility gain for each client in each subset, we just need to use the total energy gain from all hotspots instead of that from the single associated hotspot. Therefore, Theorem 4 still holds, and Algorithm 3 can be applied even if the power is transferred based on electromagnetic radiation.
C. A Matching Based Distributed Algorithm
In economics, matching theory is a mathematical framework to formulate the mutually beneficial relationship [35] , and it is widely applied to cooperative optimization. Since CDET is the problem about how to match mobile hotspots and clients so that both of them can benefit from each other, matching theory is a promising paradigm to dispose it. In this section, we develop a distributed algorithm for CDET, which is a combination of EBAS (Algorithm 1) and a classic framework from matching theory. Before presenting the formal algorithm, we first introduce some basic knowledge of matching theory with respect to CDET.
1) A matching function for a mobile hotspot set N and a client set M is defined as
is a many-to-one matching function between N and M , and a mobile hotspot can accept at most K clients, which agrees with the problem statement in Section II.
2) To start a matching process, clients need to set up preference lists to reflect their preference to the mobile hotspots (i.e. their potential mates). Due to the restriction of current Wi-Fi standards, a client only knows the Wi-Fi signal strength of a mobile hotspot before connecting to it, and other useful information (e.g. vacant cellular bandwidth) is unavailable. To meet the needs of real applications, for each client v j , we form a descending order preference list L(v j ) of mobile hotspots according to the distances between v j and those mobile hotspots. As shown in [36] , the signal propagation can be formulated based on the distance. Therefore, L(v j ) can be obtained based on SNR.
3) After receiving the proposals from clients, a mobile hotspot needs to make decisions (accept some clients and reject others) if it is impossible to accept all the clients due to the bandwidth constraint. To maximize the system utility, we apply EBAS (Algorithm 1) into mobile hotspots to select a suitable subset of clients among the proposing clients.
The overall framework is summarized in Algorithm 4, which consists of two stages. In the first stage (Steps 1-4) , all mobile hotspots and clients complete the initialization. The descending order preference lists are constructed for all clients; the vacant bandwidths are calculated for all mobile hotshots; and the matching function is empty initially. The second stage (Steps 5-25) is conducted round by round. In each round, clients that are not accepted by any mobile hotspot propose to a mobile hotspot according their preference lists. When clients all proposed, the hotspots will make decisions. At the end of each round, the matching function , the preference lists L(v j ) (1 ≤ j ≤ m), and the vacant bandwidths of hotspots are updated. The matching process goes on until there is no newly proposing client in a round. Since in each round, the clients will propose to one hotspot according to their preference list, which is a subset of hotspots. The total number of rounds for Algorithm 4 is less than n (i.e., the number of hotspots).
Algorithm 4 Distributed Matching (DM)
Input: System parameters of a CDET problem with a set N of mobile hotspots and a set M of clients. Output: A many-to-one matching function .
1: if L(v j ) = ∅ and (v j ) = ∅ then 8: let u i be the first mobile hotspot in L(v j ); 9: delete u i from L(v j ) and let v j propose to u i ; 10: end if 11: end for 12: for each u i ∈ N do 13: let M i denote the set of proposing clients to u i ; 14: apply Algorithm 1 to select a subset M * i from M i where 
16:
(v j ) ← {u i }; 
V. PERFORMANCE EVALUATION
In this section, we investigate the practical performance of the proposed algorithms as different parameters change. In addition, we compare our methods with the Greedy matching algorithm and the Gale Shapley matching algorithm to show the difference. All the experiments are conducted on a PC with an Intel i5 2.5 Ghz processer and 8 GB memory. The evaluated algorithms are introduced in Section V-A; the system parameters are described in Section V-B; and the experimental result is discussed in Section V-C.
A. Algorithm Description
In the experiments, we denote by EBAS the Error Bounded Approximation Scheme (Algorithm 1), CM the Centralized Matching (Algorithm 3), and DM the Distributed Matching (Algorithm 4). In EBAS, the default value of parameter is set to 10 −2 . In CM, the linear programming is solved by the CPLEX package. In addition to EBAS, CM, and DM, we also implement a Greedy based matching algorithm and the Gale Shapley (GS) many-to-one matching algorithm [28] , [29] for comparison purposes. The Greedy matching runs sequentially. Briefly, in each round, the clients will propose to mobile hotspots according to their preference lists, and each mobile hotspot will accept a client when it has accepted less than K clients and has enough vacant bandwidth. The whole process terminates when the hotspots have no capacity. The GS algorithm also runs round by round. In each round, all the unaccepted clients will propose to mobile hotspots according to their preference lists. Each mobile hotspot will also build a preference list of the proposing clients based on their power charging levels, and accept clients accordingly. The matching process terminates when all the clients are accepted or every mobile hotspot has no capacity for extra clients.
B. Simulation Environment
We simulate a 40m × 40m area, in which n mobile hotspots and m clients are randomly distributed. As defined in Section II, when a client v j connects to a mobile hotspot u i , the benefit for u i and
In the experiments, the power level e j for each client v j varies between 5 (Watt) and 10 (Watt) (the maximum output power is 12 (Watt) according to the WIT-2000M data sheet [20] ). The power transfer efficiency over distance ε(·) is set according to the data shhet in [13] 
C. Simulation Result
For all the experiments, we randomly generate 100 data sets to get the average system utility. To understand the practical efficiency of EBAS, we compare its performance with the Greedy matching and GS matching, and its error parameter is set to 10 −2 . Figures 4(a) and 4(b) show the result for different m and K respectively. When the number of clients (m) or the size constraint (K ) increases, the total system utility for each algorithm gradually increases, which agrees with the intuition that if there are more clients or allowing more connections, there are more choices to maximize the system utility. We also find that when m >= 20, the increment of system utility slows down when m further increases. The reason might be that the hotspot has a limited bandwidth and it can accepted a limited number of clients. When K increases from 4 to 5, the system utility for all algorithms increases barely, probably also because the capacity of hotspot is full in terms of bandwidth. EBAS, which has the optimal guarantee, always outperforms the other two algorithms. GS matching ranks the second, and it is worse than EBAS by about 10 percent. In addition, GS matching outperforms Greedy matching, because it has a better consideration on energy gain.
Next, we compare the performance of the three algorithms for different α and β. As shown by the experimental result in Fig. 5(a) , the system utility of EBAS is about 10 percent better than that of GS, and it is up to 50 percent better than that of Greedy. As α increases, the system utility of EBAS and GS increases quickly; while the system utility of Greedy has barely changed. Therefore, EBAS and GS are not only more effective but also more stable than Greedy when energy gain is an important concern. Greedy has no consideration on energy gain when selecting clients. It may select clients whose energy consumption level is even higher than its energy transfer level. Therefore it has a very bad performance when α is large. Fig. 5(b) shows the result for different β. The system utility of all algorithms increases quickly as β increases. EBAS still outperforms GS and Greedy. Unlike the experiment for α, the performance of Greedy is close to EBAS and GS when β is large, which is reasonable because bandwidth utilization is more important than energy gain when β is large.
We also perform an experiment to evaluate the three algorithms with respect to the Wi-Fi coverage range, since the efficient energy transfer distance is generally shorter than the data transmission distance. Figures 5(c) and 5(d) show the experimental result for β = 0.2 and 0.4 respectively. As the Wi-Fi coverage range increases, there is no doubt that the system utility increases for all algorithms. However, we find that when β = 0.4, the system utility increases relatively quickly as the Wi-Fi coverage range increases, which implies that more distant clients are selected when β is large. Therefore, we need to choose the value of β carefully in practice. When β is large, in order to maximize the bandwidth utilization, a hotspot may transmit data for distant clients even if it cannot receive energy efficiently from them.
Besides single hotspot, we also evaluate the performance of our algorithms in different scenarios, where multiple hotspots are deployed. As shown in Fig. 6(a) , the system utility increases for all algorithms as the number of hotspots (n) increases, because there are growing opportunities for the clients to be accepted. The centralized method, CM, achieves the highest system utility among the four algorithms, which validates our theoretical result in Section IV. In addition, the performance of our distributed algorithm (DM) is better than GS and Greedy by about 6 and 15 percent respectively, and it is always close to that of CM, which states that DM is sufficiently good in practice.
We also fix the number of hotspots to investigate the impact of other parameters on the system utility. As shown by the experimental result in Figures 7(a) -7(c) , similar to that which has been observed in the previous experiments for single hotspot, the system utility for all algorithms increases gradually as m, K , α, or β increases, because the mobile hotspots can accept more clients and receive more energy. For all the comparisons, CM ranks the first, and there are still distinct difference among DM, GS and Greedy, which yields a similar conclusion as that from the previous experiments.
In the previous experiments, we always assume sufficient Wi-Fi bandwidth for hotspots, however it is interesting to see the influence of Wi-Fi bandwidth on system utility. To this end, we randomly set the uplink cellular bandwidth r u i between 3 (Mpbs) and 5 (Mbps), and downlink cellular bandwidth r d i Fig. 7 . System utility comparisons for multiple parameters when there are multiple hotspots. between 10 (Mpbs) and 15 (Mbps) for each hotspot. The Wi-Fi bandwidth varies between 5 (Mbps) and 20 (Mbps). We find that when the Wi-Fi bandwidth is greater than the maximum cellular bandwidth, the system utility has barely changed when further increasing the Wi-Fi bandwidth. Therefore, both cellular and Wi-Fi bandwidths are indeed important for the system utility.
VI. CONCLUSION
In recent years, the boosting of mobile hotspot service has provided us ubiquitous Internet access. On the other hand, it also posts us new challenges due to the limited power supplies of mobile phones. In this paper, we propose a novel collaborative data and energy transmission framework for energy-rechargeable mobile devices, which not only lets mobile hotspots help client devices to surf the Internet via the cellular network, but also lets those clients replenish the energy of mobile hotspots via wireless power transfer. We formulate an optimization problem, namely CDET, with the objective of maximizing the benefits for both mobile hotspots and their clients. We develop a near optimal algorithm for CDET when there is only one mobile hotspot and a distributed matching strategy when there are multiple mobile hotshots. In the future, this collaborative data and energy transmission framework can be extended with even more utility. The framework along with the newly developed wireless power transfer techniques can be implemented as a mobile application for real mobile devices.
